Abstract: By integrating a multi-scale simulation with the pseudo-cracking method, the remaining fatigue life of in-service reinforced concrete (RC) bridge decks can be estimated based upon their site-inspected crack patterns. But, it still takes time for computation. In order to achieve a quick deterioration-magnitude assessment of RC decks based upon their crack patterns, two evaluation methods are proposed. A predictive correlation between the remaining fatigue life and the cracks density (both cracks length and width) is presented as a fast judgment. For fair-detailed judgment, an artificial neural network (ANN) model is also introduced which is the basis of the machine learning. Both assessment methods are built commonly by thousands of artificial random crack patterns to cover all possible ranges since the variety of the real crack patterns on site is more or less limited. The built ANN performances are examined by k-fold cross-validation besides checking the prediction accuracy of real crack patterns of bridge RC decks. Finally, the hazard map of the deck's bottom surface is introduced to indicate the location of higher risk cracking, which derives from the estimated weight of individual neuron in the built artificial neural network.
Introduction
In the renewal projects of highways, it is estimated that more than half of total maintenance cost will be spent for the renewal and repair of bridge decks [1] and cost reduction in the maintenance of bridge decks is a crucial matter. Remaining fatigue life is essential information to conduct a reliable maintenance plan. Crack grading by visual inspection is used to categorize the degree of deterioration [2] . However, this grading method is not able to estimate the remaining life quantitatively. Here, one of the technologies to assess the fatigue life is a multi-scale simulation [3, 4] . By introducing the time-dependent constitutive models into the multi-scale simulation program, fatigue life of bridge decks can be predicted numerically [5] . Furthermore, the integration of inspection data with the life-simulation (pseudo-cracking method) can upgrade the reliability of life estimation of existing bridge deck [6, 7] as shown in Figure 1 . As the multiscale simulation deals with the geometric crack patterns, it requires huge calculation cost. Thus, the authors try to utilize the artificial intelligence in order to achieve the remaining fatigue life in just a moment with running complex multiscale simulation.
In the data assimilation technology [8] [9] [10] , crack patterns observed on lower faces is induced into the life-simulation analysis as an initial state of damages for the future simulation. Lucked defect information is complemented by the predictor-corrector iterative search of energy based stability. As the first step, the remaining fatigue life of in-service existing decks is examined in reference to real crack patterns of a wide variety by utilizing the life assessment technology developed previously. Thus, we check the range of the fatigue life with regard to the real crack patterns and it will be used at the final step to secure the generalization of the proposed ANN model. Here, it should be noted again that the authors apply artificially made crack patterns for building both the statistical and AI models. This is to compensate for the limitation of available crack patterns on which the model is based and it is a highlight of this study. Randomized artificial crack pattern program (RACP) is introduced to build the evaluation models to cover all possible ranges of fatigue life. The real crack patterns will be used only for the validation of the proposed ANN model since the final objective is to check the deterioration-magnitude corresponding to real crack patterns on site.
Second, on the basis of the simulation results, an accurate correlation is proposed between the remaining fatigue life and a mechanics-based parameter of the bottom surface cracks (cracks length and width), where it can be used as a fast-truck judgment of the degree of deterioration of the decks.
Third, the authors further challenge an artificial neural network model (ANN) for fair-detailed assessment of deterioration-magnitude. This method has the advantage to be able to handle the geometrical patterns which consist of massive numbers of cracking. Bayesian regularization technique is conducted to the ANN's training, where it may ensure the generalization and eliminate the incorrect assessment due to overlearning. Then, k-fold cross-validation is conducted to check the generalization and the robustness of the proposed model. Moreover, independent real crack patterns datasets are used to check the robustness of the trained ANN among unknown data.
The proposed evaluation methods may secure a quick diagnosis of the deterioration-magnitude of RC bridge slabs by applying just the inspected bottom surface cracks without time-consuming calculation on site. In fact, the quick judgment of remaining life at the site is crucial especially for on-site management at the emergency time. As the first step, the remaining fatigue life of in-service existing decks is examined in reference to real crack patterns of a wide variety by utilizing the life assessment technology developed previously. Thus, we check the range of the fatigue life with regard to the real crack patterns and it will be used at the final step to secure the generalization of the proposed ANN model. Here, it should be noted again that the authors apply artificially made crack patterns for building both the statistical and AI models. This is to compensate for the limitation of available crack patterns on which the model is based and it is a highlight of this study. Randomized artificial crack pattern program (RACP) is introduced to build the evaluation models to cover all possible ranges of fatigue life. The real crack patterns will be used only for the validation of the proposed ANN model since the final objective is to check the deterioration-magnitude corresponding to real crack patterns on site.
The proposed evaluation methods may secure a quick diagnosis of the deterioration-magnitude of RC bridge slabs by applying just the inspected bottom surface cracks without time-consuming calculation on site. In fact, the quick judgment of remaining life at the site is crucial especially for on-site management at the emergency time. 
Loading Patterns
In reference to the Japanese standard specification for highway bridges-Part III [15] , the authors set up the traveling wheel type loading of 98 kN as shown in Figure 2 . Traveling speed of the wheel for simulation is decided to be 60 km/h, which is similar to the legal speed limit for Japanese national routes. In the case of fatigue loading tests, however, the running speed of the vertical load is much slower due to the mechanical limit of the testing machines. The wheel load length and the width are 500 and 250 mm in reference to the vehicle tires width, respectively. 
Limit State Failure Criteria
According to the previous experiments [8] , the fatigue limit state was specified in terms of the live load deflection at the center-span [16] and it is computed by assuming that the bond between concrete and reinforcement is lost in flexure. Thus, when the live load deflection defined by Equation (1) would come up to the limit state's deflection of no bond, it is judged as the fatigue failure in association with the serviceability and safety. Then, the authors also accept this criterion so that the past research works [17] [18] [19] can be referred consistently. As this limit state deflection extends between (2.5-3.5) times its initial value, we apply for the criterion denoted by Equation (2) as well.
where δL,N is the central live load deflection at N th of cycles, δ1,N is the total deflection of span center at N th of cycles at the preceding stage of loading, δ2,N is the total deflection of span center at N th of cycles at unloading stage, δL,0 is the initial live load deflection and Nf is number of cycles corresponding to (δL,N from Equation (2)).
Standardized States for Numerical Model
The finite element mesh, as shown previously in Figure 2 , was made by the authors' development open code [6] which is customized for the wheel running loading applied to RC bridge decks, where each mesh size is set up to be 250 × 250 mm in the X-Y in-plane and the number of layers in Z-direction of thickness is four layers.
The longitudinal supports applied to the slab are idealized line-hinges which allow free rotation but constrain the vertical displacement. In fact, RC decks are usually connected to top flanges of side steel bridge girders by studs and/or bolts. In some cases, lateral girders are also attached to stabilize the girders arranged in parallel. Then, some flexural moment constraint may exist. But, its magnitude depends upon the twist stiffness of the girders, fastening devices in detail and so on. Then, the authors set up the most explicit and conservative boundary conditions to give fatigue life of lower-limit boundary and are thought to be affected sensitively by crack patterns in space and their widths. 
Limit State Failure Criteria
where δ L,N is the central live load deflection at Nth of cycles, δ 1,N is the total deflection of span center at Nth of cycles at the preceding stage of loading, δ 2,N is the total deflection of span center at Nth of cycles at unloading stage, δ L,0 is the initial live load deflection and N f is number of cycles corresponding to (δ L,N from Equation (2)).
Standardized States for Numerical Model
The longitudinal supports applied to the slab are idealized line-hinges which allow free rotation but constrain the vertical displacement. In fact, RC decks are usually connected to top flanges of side steel bridge girders by studs and/or bolts. In some cases, lateral girders are also attached to stabilize the girders arranged in parallel. Then, some flexural moment constraint may exist. But, its magnitude depends upon the twist stiffness of the girders, fastening devices in detail and so on. Then, the authors set up the most explicit and conservative boundary conditions to give fatigue life of lower-limit boundary and are thought to be affected sensitively by crack patterns in space and their widths.
Here, it must be noted again that the objective and the scope of this study are to obtain the risk magnitude and hazard of inspected crack patterns on site with regard to the reference case corresponding to the standard designs of the past. For the fatigue life of decks whose shapes and dimensioning differ from those of the referential case of no damage, some simplified conversion is being developed for future step-up based upon the ANN assessment presented in this paper. Figure 3 shows the real crack patterns reported from the on-site investigation of plenty of bridges. These are used in the life-span simulation with regard to the remaining fatigue life. A total number of 264 crack patterns with crack widths that range from 0.1 to 0.3 mm as shown in Figure 3 , are investigated by using the integrated system (multi-scale simulation program & pseudo-cracking method) to obtain their remaining fatigue life [6] [7] [8] [9] . Although the crack patterns which were actually experienced are not directly utilized in building the estimation methods, these are used only once to validate the trained ANN model stated in a later section. Thus, these will play a great important role to check the reliability of the built neural network.
Crack Patterns Taken from Real Decks
Only the cracks at the bottom surface of the decks were exclusively used in the inspection data assimilation because the cracks at the top surface of in-service bridge decks are not easy to investigate on-site due to the presence of the cover of pavement in general. If the bottom surface cracks information is not enough to sufficiently estimate the remaining fatigue life, non-destructive tests (NDT) shall be applied to detect internal defects such as 3D radar system [20] and/or acoustic emission (AE) tomography [8, 21, 22] . The new NDTs are still under the intensive research and development [23, 24] . They will be used mainly to estimate the defect at the top surface of in-service bridge decks or the internal defects. Here, it must be noted again that the objective and the scope of this study are to obtain the risk magnitude and hazard of inspected crack patterns on site with regard to the reference case corresponding to the standard designs of the past. For the fatigue life of decks whose shapes and dimensioning differ from those of the referential case of no damage, some simplified conversion is being developed for future step-up based upon the ANN assessment presented in this paper. Figure 3 shows the real crack patterns reported from the on-site investigation of plenty of bridges. These are used in the life-span simulation with regard to the remaining fatigue life. A total number of 264 crack patterns with crack widths that range from 0.1 to 0.3 mm as shown in Figure 3 , are investigated by using the integrated system (multi-scale simulation program & pseudo-cracking method) to obtain their remaining fatigue life [6] [7] [8] [9] . Although the crack patterns which were actually experienced are not directly utilized in building the estimation methods, these are used only once to validate the trained ANN model stated in a later section. Thus, these will play a great important role to check the reliability of the built neural network.
Only the cracks at the bottom surface of the decks were exclusively used in the inspection data assimilation because the cracks at the top surface of in-service bridge decks are not easy to investigate on-site due to the presence of the cover of pavement in general. If the bottom surface cracks information is not enough to sufficiently estimate the remaining fatigue life, non-destructive tests (NDT) shall be applied to detect internal defects such as 3D radar system [20] and/or acoustic emission (AE) tomography [8, 21, 22] . The new NDTs are still under the intensive research and development [23, 24] . They will be used mainly to estimate the defect at the top surface of in-service bridge decks or the internal defects. Figure 4 shows the relation of the highly repeated passage of moving wheel loads and the total deflection at span center for the referential RC deck (initially un-cracked). According to the failure criteria mentioned in the previous Section 3.4, the fatigue life of this model is estimated as 221 million cycles of passage. Here, the live load deflection at the first cycle (A) is 1.4 mm, while the live load deflection at the failure cycle (B) is 4.3 mm. Then, the total deflection of 7.8 mm was assigned as the failure one for all the studied crack patterns. Figure 4 shows the relation of the highly repeated passage of moving wheel loads and the total deflection at span center for the referential RC deck (initially un-cracked). According to the failure criteria mentioned in the previous Section 3.4, the fatigue life of this model is estimated as 221 million cycles of passage. Here, the live load deflection at the first cycle (A) is 1.4 mm, while the live load deflection at the failure cycle (B) is 4.3 mm. Then, the total deflection of 7.8 mm was assigned as the failure one for all the studied crack patterns. 
Sensitivity Analysis for Crack Depth
As for the preparation of the massive data processing, a sensitivity analysis was conducted to check the effect of crack depth on the fatigue life of the RC decks. Two sets of crack pattern data are arranged and each set includes the same 48 particular crack patterns as shown in Figure 5 ; that is, longitudinal and transverse cracks with a crack width of 0.2-1.0 mm. Here, the unique crack patterns which lead to longer life than the non-damaged reference are focused on [9, 10, 24] . Figure 5 shows the difference of the two sets. The pre-cracks depth of the 1st dataset does not reach the upper mesh of the FEM discretization of the RC deck (just below the lower boundary of the upper mesh), while the cracks depth of the 2nd dataset, regarding the flexural neutral axis calculations, reaches the region of the upper mesh. Figure 6 shows the simulation results, where the ones of all the crack patterns in the 2nd set have longer fatigue life than the same crack patterns of the 1st set but with different depth of pre-cracks. It is experimentally and analytically known [3, [25] [26] [27] ] that a pre-crack stops the diagonal shear cracking when it deeply develops in advance (see Figure 5) . If the depth of the pre-cracks is close to the top surface as the 2nd dataset, it disturbs the diagonal shear crack propagation and the fatigue life is prolonged.
From the above mentioned parametric study, the authors decide to treat the shallow crack depth (1st dataset) so that we may certainly get conservative but safer assessment of remaining fatigue life. When crack inspection data of both top and bottom surface cracks are available, the prediction of the fatigue life can be conducted by the same strategy presented in this research. 
As for the preparation of the massive data processing, a sensitivity analysis was conducted to check the effect of crack depth on the fatigue life of the RC decks. Two sets of crack pattern data are arranged and each set includes the same 48 particular crack patterns as shown in Figure 5 ; that is, longitudinal and transverse cracks with a crack width of 0.2-1.0 mm. Here, the unique crack patterns which lead to longer life than the non-damaged reference are focused on [9, 10, 24] . Figure 5 shows the difference of the two sets. The pre-cracks depth of the 1st dataset does not reach the upper mesh of the FEM discretization of the RC deck (just below the lower boundary of the upper mesh), while the cracks depth of the 2nd dataset, regarding the flexural neutral axis calculations, reaches the region of the upper mesh. Figure 6 shows the simulation results, where the ones of all the crack patterns in the 2nd set have longer fatigue life than the same crack patterns of the 1st set but with different depth of pre-cracks. It is experimentally and analytically known [3, [25] [26] [27] ] that a pre-crack stops the diagonal shear cracking when it deeply develops in advance (see Figure 5 ). If the depth of the pre-cracks is close to the top surface as the 2nd dataset, it disturbs the diagonal shear crack propagation and the fatigue life is prolonged.
Cracked Cases
We may encounter 0.3-0.4 mm crack width as the maximum on site. Then as the first step, the authors checked the remaining fatigue life of 264 crack patterns with its width of 0.1-0.3 mm. As shown previously in Figure 3 , the remaining life is obtained by the multi-scale simulation program for the real crack patterns. Figure 7 shows the relation of the average strain (see Equation (3)) and the remaining fatigue life normalized by the reference case with no initial cracking. In spite of some scatter of solution, we have the general trend as such the increasing space-averaged strains lead to shortened remaining fatigue life. The real in-service RC decks discussed here are found to have a longer life than 50% of the standard referential case. On the contrary, there are no available data of greatly shortened life whose averaged strain exceeds 0.1% or more.
Here, it must be pointed out that the biased dataset will bring about unreliable estimation even if huge numbers of training data would be arranged. For avoiding this ill-condition, the authors computationally supply artificially produced crack patterns and their estimated fatigue strength as a part of training big dataset. To meet the challenge, we introduced randomized artificial crack patterns program (RACP) instead of gathering a huge number of real crack patterns without any criteria. As shown in Figure 8 , the RC decks have fatigue life equals to one if the average strain equals to zero, while the RC decks have fatigue life equals to zero if the average strain is around 1.5% (based on a previous research [9, 10] ). This possible range of average strain is divided into a number of divisions, where artificial crack patterns are produced for each division to cover all possible range of fatigue life. Another reason for introducing the RACP is that the variation of real crack patterns 
Here, it must be pointed out that the biased dataset will bring about unreliable estimation even if huge numbers of training data would be arranged. For avoiding this ill-condition, the authors computationally supply artificially produced crack patterns and their estimated fatigue strength as a part of training big dataset. To meet the challenge, we introduced randomized artificial crack patterns program (RACP) instead of gathering a huge number of real crack patterns without any criteria. As shown in Figure 8 , the RC decks have fatigue life equals to one if the average strain equals to zero, while the RC decks have fatigue life equals to zero if the average strain is around 1.5% (based on a previous research [9, 10] ). This possible range of average strain is divided into a number of divisions, where artificial crack patterns are produced for each division to cover all possible range of fatigue life. Another reason for introducing the RACP is that the variation of real crack patterns obtained from on-site is limited. Then, it is better to use these real crack patterns only once for examining the ANN model at the final step, while the RACP will be used for building up the trained ANN model. Figure 9 shows the basic idea of RACP procedure, where the random variables are the crack width, element number and crack orientation, where the ranges of randomization are 0.1-5.0 mm (step is 0.1 mm), 1-336 (step is 1) and 0-180 (step is 5 degree), respectively. Two types of cracks are produced by RACP: discrete and continuous. In the discrete cracks, there is no continuity between the crack of a particular element with the one in the neighbor elements. While in the continuous cracks, there is continuity between the crack in a particular element with the one in the neighbor elements. Based on the random angle in the continuous cracks, three shapes of continuity are produced: X-direction, Y-direction, or diagonal, as shown in Figure 9 . RACP is performed based on randomization of variables and the code was made so that we may avoid repetition of cracking patterns. If it is repeated, RACP will continue randomization until a unique crack pattern is obtained.
By using the RACP, 1000 artificial random cracks were produced carefully so that it may cover all ranges of fatigue life. Two types of shapes of the cracks were set up: discrete and continuous with different length as shown in Figure 9 . Their remaining fatigue life is also checked by using the multi-scale simulation. Figure 7 shows the relation of the average strain (see Equation (3)) and corresponding fatigue life normalized by the referential case for the simulation results of the artificial crack patterns. By proposing a nonlinear function for prediction, the coefficient of variation of the prediction (C.O.V) is 31% and the prediction interval of 95% is 14.8%. The results show that the fatigue life of the continuous cracks is lower than the fatigue life of the discrete cracks since the continuous cracks have more tendencies to form failure crack path.
where ε avg. is the average strain on the bottom surface of RC deck, k indicates the kth element at the bottom surface of the deck, ε xx is the normal strain of concrete in X-direction for the kth element, ε yy is the normal strain of concrete in Y-direction for the kth element and n is the total number of elements.
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where εavg. is the average strain on the bottom surface of RC deck, k indicates the k th element at the bottom surface of the deck, εxx is the normal strain of concrete in X-direction for the k th element, εyy is the normal strain of concrete in Y-direction for the k th element and n is the total number of elements. 
Statistical Correlation of Remaining Fatigue Life and Inspected Cracks
In the previous section, a correlation is found between the space-averaged strain of the bottom surface with cracks and the remaining fatigue life. For further simplicity, another statistical estimate of the life is introduced with the crack density as defined by Equation (4) in consideration of both crack length and its width. Figure 10 shows the relation of the newly introduced crack density and the normalized remaining life of RC decks under the standardized referential load. The degree of variation is similar to the one of the previous Section (average strain basis). Although the deviation of the estimated fatigue life for the discrete cracks is different from those of the continuous ones, the rate of deterioration is found to be almost the same. Thus, the β factor is introduced in the definition of crack density parameter.
It is found that the discrete cracks defined in Section 4.3 lead to a longer life by around 2.23 times than the case of continuous cracks even in the case of the same crack density. This difference is reflected by 2.27 times difference in the crack density. Therefore, the crack density parameter can be enhanced to treat the discrete cracks by decreasing their crack density by a reduction factor (β = 0.44). Finally, a nonlinear formula (see Equation (5)) is proposed as shown in Figure 11 , where the C.O.V of the prediction and the prediction interval (P.I) of 95% are 10.5% and 9%, respectively. The proposed correlation can be used as a fast judgment for the magnitude of deterioration of RC decks 
It is found that the discrete cracks defined in Section 4.3 lead to a longer life by around 2.23 times than the case of continuous cracks even in the case of the same crack density. This difference is reflected by 2.27 times difference in the crack density. Therefore, the crack density parameter can be enhanced to treat the discrete cracks by decreasing their crack density by a reduction factor (β = 0.44). Finally, a nonlinear formula (see Equation (5)) is proposed as shown in Figure 11 , where the C.O.V of the prediction and the prediction interval (P.I) of 95% are 10.5% and 9%, respectively. The proposed correlation can be used as a fast judgment for the magnitude of deterioration of RC decks with acceptable accuracy. However, for fair-detailed judgment, cracks location and orientation should be introduced in the original computational prediction.
where CD is the crack density of the bottom surface, L k is the length of the kth crack at the bottom surface of the RC deck and W k is its width, A is the length of the RC deck in the longitudinal direction and B is its width in the transverse direction and β is crack type indicator; 1.0 for continuous crack and 0.44 for discrete one.
where RL is remaining fatigue life and CD is the crack density. (5) where RL is remaining fatigue life and CD is the crack density. (5) where RL is remaining fatigue life and CD is the crack density. 
Training Artificial Neural Networks
The crack location and its direction are factors of importance to statistically upgrade the predictive accuracy of the remaining fatigue life as discussed previously. In this section, artificial neural network (ANN) model is also presented to investigate the data processing of the massive inspection data in view of the accuracy. Especially, ANN has an advantage to directly handle geometrical information of 2D and 3D extent. The dense and sparse information of cracking is processed by ANN in terms of the sensitivity of individual neuron assigned to each location of the deck. It is rather local and discrete. On the other hand, the statistical model is formed based upon the mechanics-based parameters. Then, it is rather non-local and integrated. Comparison of both models is expected to bring about a view of massive inspected data processing.
Methodology for Fatigue Life Identification
It should be noted that the performance of built ANN is dependent on the quality and quantity of the training dataset [10] . Then in this section, several cases ANN's input variables for the same cracks information of the training dataset are arranged so as to judge the requirement on what sort of inspection dataset shall be prepared for better training. Table 2 shows four cases of the input variables of the investigated crack patterns. For case (1) & (2), the bottom layer of the finite elements is further discretized into 336 sub-elements in X-Y in-planes of 2D extent, as shown previously in Figure 9 . In the data assimilation procedure [10] , each sub-element has three variables, that is, normal strains in X and Y-directions (ε xx , ε yy ) and the shear strain (ε xy ). For cases (3) & (4), the number of sub-elements of the deck's bottom surface is intentionally reduced from 336 (see Figure 9 ) to 84 sub-elements (see Figure 12) . The cracks information for case (3) & (4) is taken as a lump sum for each 500 × 500 mm 2 area instead of 250 × 250 mm 2 of the deck's bottom surface.
where ε 1 is the maximum principal strain, θ is its principal directional angle (degrees) and ε ij is the strain tensors of concrete on the bottom surface of the RC deck. The dataset for both training and validating ANN is created by the multi-scale simulation and they are the input of the machine learning block as well. The training data is used to adjust the weights of the individual neuron of the ANN and the test dataset is used only once after the training is finished to check the validity of the training. After training the dataset in the machine learning block, if the ANN can correctly map the training data and identify the testing data, it is considered as a fairly built ANN. At last, the remaining fatigue life can be obtained for any new crack pattern in just a moment without the need for conducting any complex multi-scale simulation.
Requirements of Training Dataset
In fact, the training dataset to serve ANN has to be chosen carefully to cover all probable events which may occur in future. Once one of the events would not be supplied into the training dataset, the accuracy and reliability of the model prediction will be lost seriously [10] .
As the symmetric patterns of cracking along the traffic direction must have the same performance, the "mirror crack patterns" logically have the same remaining fatigue life as the original. So, they must be included in the training dataset as well. However, the symmetric line in the transverse direction has the different story. It is affected by the traffic direction, where the two crack patterns in the transverse direction give different remaining fatigue life [10] . The authors tried to check the remaining fatigue life of the transverse mirror crack patterns for verification (Figure 3) . Figure 13 shows how differently the transverse mirror crack patterns produce the life. As C.O.V reaches just 4%, it is negligible from an engineering viewpoint and the mirror crack patterns in the transverse direction are also included in the training dataset. Then, any dataset is multiplied by four by considering the axes of symmetry in both transverse and longitudinal directions.
In general, real cracks have their width that is not greater than 0.3-0.4 mm. Then, the authors computationally produce greater crack width up to 5.0 mm as well to compensate for the lack of inspected data at the site and to fill up the missing zone of data. As stated previously, ANN model will be built based on the artificially made crack patterns. The reason for these decisions is to secure the prediction of any unexpected events regarding rarely experienced strange crack patterns or the greater crack width that may happen in the future and to extend the range of application of the prediction. Here, the numerical analysis based on the pseudo-cracking data assimilation [8, 10] is utilized to enhance the quality of inspected dataset. The dataset for both training and validating ANN is created by the multi-scale simulation and they are the input of the machine learning block as well. The training data is used to adjust the weights of the individual neuron of the ANN and the test dataset is used only once after the training is finished to check the validity of the training. After training the dataset in the machine learning block, if the ANN can correctly map the training data and identify the testing data, it is considered as a fairly built ANN. At last, the remaining fatigue life can be obtained for any new crack pattern in just a moment without the need for conducting any complex multi-scale simulation.
In general, real cracks have their width that is not greater than 0.3-0.4 mm. Then, the authors computationally produce greater crack width up to 5.0 mm as well to compensate for the lack of inspected data at the site and to fill up the missing zone of data. As stated previously, ANN model will be built based on the artificially made crack patterns. The reason for these decisions is to secure the prediction of any unexpected events regarding rarely experienced strange crack patterns or the greater crack width that may happen in the future and to extend the range of application of the prediction. Here, the numerical analysis based on the pseudo-cracking data assimilation [8, 10] is utilized to enhance the quality of inspected dataset. Appl. Sci. 2018, 8, x FOR PEER REVIEW 13 of 20 Figure 13 . Effect of traffic direction on remaining fatigue lives corresponding to crack patterns.
Neural Network Platform and Structure
The platform used to conduct ANN algorithm is MATLAB R2017a-Neural Networks Toolbox. Unidirectional feedforward network and Bayesian regularization training function are selected for conducting the ANN [13, [28] [29] [30] [31] [32] [33] . The structure of the conducted ANNs is summarized in Table 3 , where the input variables are discussed in Section 5.1. It should be noted that the ANN's structure is chosen to achieve the best performance and to avoid overfitting of ANN's model, where the size of the network should be optimum. Finally, five ANN's models are built for the input variables' cases based upon their optimum size of network. 
Built ANN's Performance and Input Variables
The relation of the fatigue life computed by the multi-scale simulation and the built ANN's estimation is shown in Figure 14a . The deviation around the best fit line (ideal mapping) is small with a correlation coefficient (R 2 ) of 0.964, 0.971, 0.975 and 0.962 for the studied cases (1), (2), (3) and (4), respectively. For the case (3), the mean squarer errors are stabilized (best performance) after 224 epochs with a value of 0.0021. Figure 14b shows that the mean square errors of the ANN estimate compared to the proposed statistical formulae in Section 4.3 is reduced from 0.0069 to 0.0028, 0.0022, 0.0019 and 0.0030 for the cases (1), (2), (3) and (4) . The prediction interval variance of 95% is reduced from 14.8% to 10.5%, 9.5%, 8.9% and 10.9% for the cases (1), (2) , (3) and (4), respectively.
It is found that the strain tensorial expression of case (3) is more robust in training ANN's dataset than the case (1). This is why the degree of freedom of the input variables for the case (3) is less than that of the case (1). In spite of the fact that case (3) and case (4) have the same physical and mechanistic meaning, the case (3) is found to be more robust. Thus, it can be said that choice of the best input variables is a pivotal point of importance to build the reliable ANN. So, there exists a necessary and sufficient number of data for the best training. 
Neural Network Platform and Structure
Built ANN's Performance and Input Variables
Significance of Cracks Direction
At present, much attention of inspection works is directed to the crack density and its width but a few to the crack direction. Table 4 shows a comparison of the case (3) including the crack direction and a newly introduced case (5), which does not embrace the direction of cracking. The ANN's accuracy is enhanced by including the cracks direction where the mean square error is further reduced from 0.0034 to 0.0019. It can be said that the crack direction is an essential factor for upgrading the validity of the fatigue life assessment. 
ANN Performance Evaluation
Bayesian regularized artificial neural networks (BRANN) are more powerful and more robust than the standard backpropagation networks. BRANN is hard to overfit the data since the algorithm provides a Bayesian criterion for stopping the training. Then, it usually leads to a generalized solution [31] .
In this study, BRANN is used for training the RACP simulation results which are shown previously in Figure 7 . The training parameters such as effective one of BRANN, performance gradient and mean square errors reach stable states as shown in Figure 15 . If the training parameters for BRANN reach stable states, it typically means the solution is truly converged. In order to ensure that a generalized solution is achieved by Bayesian regularization technique, k-fold cross-validation is conducted [34, 35] , where the dataset (RACPs) is divided into 10 subsets. Each subset will be treated as a validation dataset, while the rest is used as a training dataset. Then the prediction accuracy is checked for the 10 validation subsets, where it resembles the total dataset. Figure 16a shows the results of the k-fold cross-validation, where the regression coefficient of prediction (R 2 ) is 0.913 and the mean square errors' (mse) value is 0.0073. The results demonstrate the generalization of the network, where it maps almost all the validation subsets with good accuracy. 
Significance of Cracks Direction
ANN Performance Evaluation
In this study, BRANN is used for training the RACP simulation results which are shown previously in Figure 7 . The training parameters such as effective one of BRANN, performance gradient and mean square errors reach stable states as shown in Figure 15 . If the training parameters for BRANN reach stable states, it typically means the solution is truly converged. In order to ensure that a generalized solution is achieved by Bayesian regularization technique, k-fold cross-validation is conducted [34, 35] , where the dataset (RACPs) is divided into 10 subsets. Each subset will be treated as a validation dataset, while the rest is used as a training dataset. Then the prediction accuracy is checked for the 10 validation subsets, where it resembles the total dataset. Figure 16a shows the results of the k-fold cross-validation, where the regression coefficient of prediction (R 2 ) is 0.913 and the mean square errors' (mse) value is 0.0073. The results demonstrate the generalization of the network, where it maps almost all the validation subsets with good accuracy.
Moreover, the authors decided to test the network with independent real crack patterns besides their mirror cases (1056 data) to check the robustness of the network to treat unknown data. The relation of the fatigue life by the multi-scale simulation and the one of the built ANN for the test dataset is shown in Figure 16b . The validation around the best-fit line is with 5.1% of the coefficient of variation of prediction (C.O.V).
Appl. Sci. 2018, 8, x FOR PEER REVIEW 15 of 20
Moreover, the authors decided to test the network with independent real crack patterns besides their mirror cases (1056 data) to check the robustness of the network to treat unknown data. The relation of the fatigue life by the multi-scale simulation and the one of the built ANN for the test dataset is shown in Figure 16b . The validation around the best-fit line is with 5.1% of the coefficient of variation of prediction (C.O.V). 
Structural Mechanistic Expressions of ANN's Weights
Generally, ANN is not a tool for achieving mechanistic principles but it may lead to some hints or foresight on the unknown or something uncertain. In this section, the authors try to utilize the internal weight of individual neuron to achieve a hazard map for the location of higher risk cracking at the bottom surface of the RC deck and validate with the structural knowledge and site observation as shown in Figure 17 . The ANN model used in this section is the simplest structure (one hidden layer & one neuron). Only the cracks magnitude of the 84 elements of the bottom surface RC deck (see Figure 12) is taken into account to show the impact of the location of the cracks on the remaining fatigue life. The training dataset includes 1000 RACPs and 264 real crack patterns besides their mirror crack patterns in the transverse and the longitudinal directions (5056 crack patterns).
Bayesian regularization technique is used to prevent overtraining and to eliminate the need for lengthy cross-validations. Equation (8) shows the prediction correlation of the trained ANN model, where it is a function of the elements principal strains (84 elements). Figure 18 shows the relation of the damage index (see Equation (9)) and the normalized fatigue life, where the remaining fatigue life decreases by increasing in the damage index. The results show that the ANN maps the training dataset with a good accuracy, where the prediction interval has a value of 12.9%. Moreover, the authors decided to test the network with independent real crack patterns besides their mirror cases (1056 data) to check the robustness of the network to treat unknown data. The relation of the fatigue life by the multi-scale simulation and the one of the built ANN for the test dataset is shown in Figure 16b . The validation around the best-fit line is with 5.1% of the coefficient of variation of prediction (C.O.V). 
Bayesian regularization technique is used to prevent overtraining and to eliminate the need for lengthy cross-validations. Equation (8) shows the prediction correlation of the trained ANN model, where it is a function of the elements principal strains (84 elements). Figure 18 shows the relation of the damage index (see Equation (9)) and the normalized fatigue life, where the remaining fatigue life decreases by increasing in the damage index. The results show that the ANN maps the training dataset with a good accuracy, where the prediction interval has a value of 12.9%. 
Bayesian regularization technique is used to prevent overtraining and to eliminate the need for lengthy cross-validations. Equation (8) shows the prediction correlation of the trained ANN model, where it is a function of the elements principal strains (84 elements). Figure 18 shows the relation of the damage index (see Equation (9)) and the normalized fatigue life, where the remaining fatigue life decreases by increasing in the damage index. The results show that the ANN maps the training dataset with a good accuracy, where the prediction interval has a value of 12.9%. The weights of the individual neuron of the trained ANN can be described as the impact of the location of the crack on the remaining fatigue life. Figure 19 shows the weights distribution as contour lines, normalized between 0 & 1 of the discretized RC deck's bottom surface (84 elements). The map shows the ANN model has learned the law of symmetry in both directions, where full symmetry is obtained. It is also found that the central zone and the corners of the RC deck are the locations of the higher risk cracking to reduce the fatigue life.
The locations of the highest risk cracking obtained from the estimated weights of the trained ANN model can be explained from a structural point of view. It is well known that the central zone of the RC deck has the maximum bending moment, while the corners have the maximum shear force based on the structural analysis of the slabs. Thus, the existence of pre-cracks at the central zone will stimulate the propagation of these cracks as flexural ones since the central zone is the location of the maximum bending moment. Therefore, deck's stiffness is reduced and the fatigue life is shortened. The reduction of the stiffness may cause larger amplitude of repeated strains inside the structural concrete.
On the contrary, the existence of pre-cracks at the corners may initiate the harmful diagonal shear cracks. In fact, the previous research reported that the reason of the excessive deflection of the culvert's top slabs was the occurrence of out-of-plane diagonal shear cracks at the corners [36] . Anyhow, bending actions hardly create cracks at the corners of the slabs. Then, if cracking is found in these areas, it should be understood as some sort of caution. The trained ANN could learn it appropriately with mechanical consistency.
In order to demonstrate the role of AI for conducting a fair-detailed judgement for the deterioration magnitude of the RC deck regarding their crack patterns, a comparison has been done between the remaining fatigue lives of two investigated crack patterns, where they have exactly the The weights of the individual neuron of the trained ANN can be described as the impact of the location of the crack on the remaining fatigue life. Figure 19 shows the weights distribution as contour lines, normalized between 0 & 1 of the discretized RC deck's bottom surface (84 elements). The map shows the ANN model has learned the law of symmetry in both directions, where full symmetry is obtained. It is also found that the central zone and the corners of the RC deck are the locations of the higher risk cracking to reduce the fatigue life.
In order to demonstrate the role of AI for conducting a fair-detailed judgement for the deterioration magnitude of the RC deck regarding their crack patterns, a comparison has been done between the remaining fatigue lives of two investigated crack patterns, where they have exactly the same crack density but different cracks location, as shown in Figure 20 . The difference between the remaining fatigue life obtained from the proposed ANN model and the multi-scale simulation program in this Section is 1.8 and 1.3 times respectively but the predictive correlation introduced in Section 4.3 cannot capture this difference and the remaining fatigue life is the same due to the lack of information of the average strain parameter.
R.L = 4.6 − 4.5 × Tanh 
Conclusions
Two simplified fast-truck evaluation methods, which are numerically built on the basis of the integrated lifetime simulation system, are proposed for the quantitative damage assessment of RC decks in use of the crack inspection data. The statistical data processing with mechanics-based parameters is conducted and compared with the neural network learning with no scientific logic and the following conclusions are drawn.
1. Two fast-truck quantitative assessment models for the magnitude of damages of in-situ RC 
Two simplified fast-truck evaluation methods, which are numerically built on the basis of the integrated lifetime simulation system, are proposed for the quantitative damage assessment of RC decks in use of the crack inspection data. The statistical data processing with mechanics-based parameters is conducted and compared with the neural network learning with no scientific logic and the following conclusions are drawn. 
1.
Two fast-truck quantitative assessment models for the magnitude of damages of in-situ RC bridge road decks in service were built based upon the training dataset created by numerical simulation as well as the real site inspection data. A quick and massive diagnosis, which is equivalent to the full 3D multi-scale simulation, is made possible.
2.
The statistical model is built on the basis of the mechanics-based parameter. Here, the conservative and safer-side assessment of the remaining fatigue life is practically made possible by avoiding the case where pre-cracking stops the preceding shear cracking. 3.
By examining the wide variety of crack orientation and their patterns over the bottom surfaces of RC decks, it is quantitatively proved that the geometrical patterns of cracking have much to do with the remaining fatigue life as well as crack width.
4.
By conduction k-fold cross-validation and testing the ANN model, the robustness and the generalization of the proposed ANN model are confirmed with the crack patterns observed at bridge construction site. Here, the numerically produced training dataset, which was offered by the multi-scale analysis, enables us to compensate the week spots of the training dataset.
5.
A hazard mapping to identify the high-risk location of cracking is created in use of the neuron's weight and its sensitivity to the fatigue life. It is found that both RC deck's central zone and their corners are the spots of caution. This map can be used as the guideline to train inspectors. 6.
It is proved that artificial intelligence is not just a tool for conducting predictive models but it can guide somehow to achieve physical expressions for a particular problem. 
